Countries with diversified export baskets take advantage of various benefits, which are said to foster and stabilize economic growth directly and through indirect channels (e.g. reduced income volatility, positive externalities, spillover effects). This is especially important in the context of developing economies. However, identifying the true determinants of export diversification is difficult as there exists no comprehensive theoretical or empirical framework to capture all potential factors in their entirety. This paper uses Bayesian Model Averaging to uncover the true long-term roots of export diversification among 43 potential determinants, and thus 2 43 potential models. Our results suggest that only four factors are important in predicting export diversification levels over the long run: natural resource rents as a percentage of GDP (100 % posterior inclusion probability), primary school enrollment rates (96 %), population size (25 %), and foreign direct investment levels (17 %). Many prominent candidates turn out to be insignificant in determining diversification levels. Neither policy-related variables (e.g. tariffs, freedom from trade regulations or democracy) nor macroeconomic factors (such as trade openness, terms of trade or domestic investment levels) nor geographical remoteness (whether the country is an island or landlocked) play a role. Various robustness checks confirm our results.
Introduction
As globalization has taken unforeseen dimensions over the past decades, various aspects of international trade are gaining importance. Economists and politicians not only discuss trade openness anymore, but also the form and diversity of a country's export basket. Influential works by Imbs and Wacziarg (2003) and Cadot et al. (2011) describe the pattern of export diversification over development levels of countries. A diversified export basket is said to foster economic growth in several ways: (i) reduced income volatility in the exporting sector by less exposure to international shocks in particular industries, (ii) externalities from learning-by-doing or learning-by-exporting, and (iii) potential spillover effects. 1
Although the effects from export diversification are receiving substantial attention, surprisingly little research has investigated its roots. But if diversifying exports carries benefits in the development of an economy, then it is useful to know what determines diversification levels over the long run. Simply comparing common diversification indices between countries is tempting, yet might result in misleading conclusions if one ignores an economy's unique capacities to diversify. For example, if the real determinants lie in the range of policies (e.g. trade regulations or education levels), then the degree of diversification can be influenced. On the other hand, if country-specific conditions (such as geographical location, population size, or being a former colony) play a dominant role, little remains to be done for policymakers.
The novelty of our approach lies in the application of Bayesian Model Averaging (BMA) to a long list of potential export diversification determinants, in order to address the underlying problem of model uncertainty. The reasons for our approach are threefold: (1) Given the complexity of the topic, there exists no theoretical foundation suggesting a comprehensive list of export diversification determinants. (2) Previous empirical research could not agree on a unique set of determinants and control variables. (3) The presence of short-term fluctuations and po-tential reverse causality between independent and dependent variables suggests using variables, which are averaged over longer time frames and lagged. But once one starts to average and lag, the number of observations quickly decreases, thereby reducing the interpretational power of results from conventional estimation techniques. The strength of BMA lies precisely in finding the true model, when faced with a smaller sample size and numerous potential determinants.
The literature on export diversification suggests a variety of determinants, yet the results in terms of significance vary widely. In addition, one finds substantial differences in the usage of control variables. For instance, consider a basic comparison of recent panel analyses, displayed in table 1. Notice the two final columns: the number of regressors varies between 7 -23 (not counting the nonparametric analysis) and only two variables appear twice as significant factors. Thus, we conclude that model uncertainty presents a severe problem in assessing the determinants of export diversification.
To address this problem, the Bayesian Model Averaging (BMA) method presents itself as an ideal tool. We gather 43 potential long-run determinants of export diversification and analyze them in one cross-section sample of 89 countries. The purpose of the BMA technique is to consider all possible variable combinations (2 43 ) and reveal the true model. In order to best control for potential endogeneity, business cycles, external shocks, and measurement error, we average each independent variable from 1960 -2000 in our main specification. Our measurement for export diversification as the dependent variable is the Herfindahl-Hirschman index (HHI) averaged from 2000 -2010 for each country.
The results suggest that the most important variables in predicting long-term export diversification are the fraction of natural resource rents in GDP and the net primary enrollment rate.
Further, population size and foreign direct investment play a secondary role. A major part of this result is the non-significance of many other potential determinants. For instance, neither trade-related aspects (e.g. regulatory trade freedom, trade openness) nor geographical remoteness (being an island or landlocked) nor a variety of macroeconomic factors seem to matter in predicting the long-run diversification level of a country's export basket.
The following section presents our methodology, followed by a description of our data in section 3. Section 4 discusses the Herfindahl-Hirschman index and potential determinants of export diversification, putting them into the context of previous works. Section 5 presents our main results, followed by robustness checks in section 6. Finally, section 7 concludes and section 8 provides avenues for further research.
Methodology
A common problem of trying to assess the true long-run determinants of a macroeconomic variable is the combination of potential endogeneity, business cycles, and model uncertainty.
For instance, whether richer countries diversify or diversification increases GDP is difficult to disentangle as both directions can plausibly be justified. Ideally, the researcher would like to have instruments that are strongly correlated with the independent variable, yet have no direct correlation with the dependent variable. Although imperfect, lagged values of the independent variable form the most suitable alternative in many cases. Adding in the task of smoothing out business cycles and containing the impact of measurement error (which can be of particular importance in some developing regions for instance), one might choose to average variables over 5 or sometimes 10 years. Consequently, if one uses both lagged and averaged values, the number of observations dwindles quickly in a panel data setting. Finally, the choice of potential explanatory variables is oftentimes open-ended, implying model uncertainty. In terms of export diversification, all of the above points become prevalent issues.
Endogeneity and Business Cycles
In order to cope with problems of endogeneity and business cycles, we choose to lag and average the explanatory variables over decades. In our main specification, we regress a country's average Herfindahl-Hirschman index (HHI) over the years 2000 -2010 on the averaged values of each independent variable over the time period 1960 -2000. 2 By using the HHI as a measurement for export diversification, we follow the vast majority of previous analyses (e.g. Imbs and Wacziarg, 2003 , Parteka, 2010 , Wiig and Kolstad, 2012 , Agosin et al., 2012 , or Cadot et al., 2011 . Please also see section 4.1 for more information on why we choose the HHI.
There are several reasons for using this methodology. First, although the long-term trend of a country's degree of export diversification is relatively stable, the data exhibits substantial yearto-year variation for some countries. This leads us to believe that either short-term fluctuations in export diversification levels or in macroeconomic variables severely affect the short-run value of diversification, or that the data exhibits measurement error. Since this paper focuses on the long-term aspects, averaging variables over decades alleviates both problems. Second, by using values from 1960 -2000 to predict an outcome in 2000 -2010, we firmly address the problem of reverse causality. Thus, our regressions take the general form of
where X
1960−2000
i contains all 43 potential determinants, discussed in detail below. Finally, after collecting data for the HHI and all independent variables, our main sample consists of 89 countries.
Bayesian Model Averaging
The Bayesian Model Averaging approach (BMA) is designed to specifically address model uncertainty in linear regression estimations. This becomes particularly important if the researcher is faced with a large set of potential explanatory variables, but only with a relatively limited number of observations. In this context, Raftery (1995) has shown that standard variable selection procedures can give very misleading results.
General BMA Framework
A Bayesian solution to model uncertainty involves averaging over all possible combinations of predictors (Leamer, 1978) . Raftery et al. (1997) show that in the presence of predictors' uncertainty, BMA procedures provide better predictive performance than any single model selected using frequentist arguments. However, this solution may not be practical in some circumstances, as the number of possible variable combinations increases quickly: for K predictors, the number of possible combinations becomes 2 K . This has led to various algorithms based on the Markov
Chain Monte Carlo strategy.
With M = {M 1 , M 2 , . . . , M 2 K } denoting the set of considered models, each model depends on a vector of parameters θ r (with r = 1, 2, . . . , 2 K ), characterized by a prior π(θ r |M r ), a likelihood π(y|θ r , M r ), and a posterior π(θ r |y, M r ). Using standard probability arguments, the posterior π(θ r |y) is then given by
The BMA logic establishes to obtain results for every model under consideration and to average them. Further, the posterior model probability is given by
with a marginal likelihood of
and π(M r ) being the prior model probability. The posterior predictive density can then be obtained using a few basic rules of probability:
Practical BMA Issues
Two main issues remain with respect to the implementation of BMA: the integral in equation (4) is difficult to implement and the number of variable combinations can be enormous. These issues can be handled using the Markov Chain Monte Carlo Model Composition (MC 3 ), an algorithm adopted from the original mechanism developed by Madigan et al. (1995) .
The MC 3 procedure is a mechanism for sampling over a model space M, based on a Metropolis-Hastings algorithm (Metropolis et al., 1953; Hastings, 1970) . It simulates a chain of models, denoted by M (s) (for s = 1, 2, . . . , S), where the algorithm draws candidate models from a particular distribution over the model space and then accepts them with a certain probability.
If a candidate model is not accepted, the chain remains in the current model (Koop, 2003) . A candidate model M c is drawn randomly from the set of models, including (i) the current model
, (ii) all models which delete one predictor from M (s−1) , and (iii) all models which add one predictor to M (s−1) . The acceptance probability has the following form
In general, BMA has a huge computational burden. As a consequence, it is a good idea to use the Normal linear model. That is, given y = β 0 i N + X r β r + µ, where y is an N-dimensional vector, i N is an N × 1 vector of ones, X r is an N × K r matrix of predictors, and
This means that we center priors over the hypothesis that explanatory variables do not have an effect on the dependent variable, and that the covariance of the explanatory variables is proportional to the comparable data-based quantity. Additionally, we assume a non-informative prior for common parameters to all models, that is τ and β 0 . Specifically, π(τ ) ∝ 1 τ and π(β 0 ) ∝ 1. Fernandez et al. (2001) recommend selecting g r = 1/K 2 if N ≤ K 2 or g r = 1/N if N > K 2 after extensive simulation exercises. Finally, Ley and Steel (2009) propose to use a Beta-Binomial prior on π(M r ) because the resulting prior model distribution is considerably less tight and should thus reduce the risk of unintended consequences from imposing a particular prior model size. This prior only requires to choose the prior expected model size. In particular, if the prior expected model size is equal to K/2, the model prior is completely flat over model sizes.
In summary, we estimate multiple Bayesian normal linear models whose differences are given by the combination of predictors, where we choose the best models using a MC 3 procedure based on a Metropolis-Hastings algorithm. Finally, we average these models, obtaining posterior parameters and predictive distributions. Tables 2 and 3 show summary statistics, data sources, and (if applicable) the specific calculation of each variable in our sample. We choose the Herfindahl-Hirschman index of export diversification (HHI) as a measurement for export diversification. We calculate the average of a country's annual HHI values between the years 2000 -2010, in order to control for busi-ness cycles, any short-term fluctuations, and potential measurement errors. Similarly, for every country we average each explanatory variable over the time frame 1960 -2000.
Descriptive Statistics
Our sample covers a wide range of countries. For instance, consider the first political variable, the polityIV index. Although the mean score is about 2, our sample economies range from -9.5 (almost entirely autocratic) to +10 (totally democratic). 
Variables
This section discusses our measurement for export diversification and its potential long-term determinants. Given the large number of potential factors (43), we only provide a brief explanation for the inclusion of a variable and refer to the respective previous papers for further details.
Data sources are displayed in table 3.
We sort all explanatory variables in four broad categories: political, macroeconomic, cultural, and geographical factors. Although some variables may well form part of another category, the general idea of sorting is to point out the degree to which a variable is accessible by governments or the private sector. Political and macroeconomic factors are most receptive to policy changes, cultural aspects to a lesser degree, and geographical conditions of a country are impossible to influence. Thus, depending on which variables have significant effects on export diversification, we get an idea as to what extent the level of diversification is potentially modifiable by policies.
The HHI Index
We choose a classic representation of export diversification as our dependent variable: the Herfindahl-Hirschman index (HHI). 3 This index allows us to capture both the intensive and the extensive margin of diversification. 4
The raw data for the HHI comes from the United Nation's Commodity Trade Statistics Database (ComTrade), permitting us to use annual exports on the 6-digit level of disaggregation for the years 2000 -2010. 5 Assuming country i's exports in year t total US$X it (with 1 ≤ i ≤ n and 1 ≤ t ≤ T ) and x ij displays its exports of good j in US$ (with 1 ≤ j ≤ m), we use the common formula
to calculate country i's level of export diversification in year t. This procedure gives us a yearly index for the export diversification levels of 89 countries over the time frame 2000 -2010.
Averaging for every country then gives us the dependent variable:
Notice that higher values of the HHI signal a higher level of concentration. Thus, the lower the HHI score, the more diversified a country's export basket.
Political Factors
We start with variables describing the political environment of an economy. First, we include a country's level of democracy, plus the size and efficiency of government. The polityIV variable measures the level of democracy, ranging from −10 (strongly autocratic) to +10 (strongly democratic). 6 In addition, government size (gov) is measured as government share of real GDP per capita. 7 Finally, governance effectiveness (govef f ) ranges from −2.5 (weak) to +2.5 (strong).
Both government size and effectiveness are included in the studies of Ben Hammouda et al. (2006), Dennis and Shepherd (2011) , and Parteka and Tamberi (2011) .
Addressing trade-related policies, we use various measurements: (i) tradef reedom, ranging from 0 − 100, (ii) three tariff rates (weighted mean of all products, manufactured products, and primary products), (iii) the logarithm of the inflation rate (loginf l), and (iv) the volatility of the inflation rate (volinf l). The intuition here is that fluctuations in surrounding market conditions may well discourage potential trade partners.
Another branch of variables considers a country's education system. Various studies hint that schooling plays a substantial role in export diversification, e.g. Mengistu (2009 ), Parteka and Tamberi (2011 ), or Agosin et al. (2012 . To this end, we include five education variables: the duration of primary and secondary education, secondary and tertiary enrollment rates (gross %), and total primary enrollment (net %). 9 Including measurements for both the time of education 6 We use variable polity2 from the Polity IV data set, designed to facilitate the use of the polity regime measure in time-series analyses.
7 Government share of GDP is taken from the Penn World Tables 6.3 (PWT) . Given the recent debate regarding versions of the PWT, we prefer the 6.3 version and follow Breton (2012) . However, our methodology of averaging over many years should alleviate the suggested methodological problem, as put forth by Johnson et al. (2012) , although in the context of economic growth.
8 Volatility is calculated as the variance of the inflation rate over the years 1960 -2000. 9 We also considered the education variables from Cohen and Soto (2007) (2000), whereas we distinguish between the duration of primary and secondary education, plus enrollment rates at different stages.
Finally, given the extraordinary role of petroleum in the world economy and the predominant role of OPEC countries (Organization of the Petroleum Exporting Countries) in this market, especially towards the end of the 20th century, we add a dummy variable for OPEC member countries.
Macroeconomic Factors
In terms of general macroeconomic conditions, we include openness to trade (trade), exports and imports separately, total natural resource rents as a percentage of GDP (natres), gross capital formation (capital), and foreign direct investment (f di), all measured as a percentage of GDP.
We include natres as a proxy for the importance of primary resources in the domestic economy. 10
This variable is particularly important given the discussion about the "resource-curse" (Sachs and Warner, 2001) in the context of export diversification and economic growth.
Further, we add the logarithm of GDP per capita, a net barter terms of trade index (year 2000 = 100), fuel exports (as % of merchandise exports), and the real interest rate to the list. 11
To proxy for general stability of the financial sector in an economy, we also include the variance of the interest rate over the respective time frame. Similar to the argument above regarding the volatility of inflation, large fluctuations in financial conditions may deter international trade relations and therefore affect export diversification. Although Agosin et al. (2012) include the variance of the exchange rate in their analysis, we prefer the volatility of interest rates for the following reason: a substantial number of countries switched currencies at one point or another losing 18 sample countries. However, pure correlation of their education variables and the respective ones used here is at least 80 percent. 10 The World Bank defines this variable as the sum of oil rents, natural gas rents, coal rents (hard and soft), mineral rents, and forest rents.
11 Either one or a combination of these variables is included in Imbs and Wacziarg (2003) , Bebczuk and Berrettoni (2006) 
Cultural Factors
The uniting theme across cultural variables is that they are mostly fixed over time and largely uncontrollable by policymakers. Various papers include population size as a control variable and dummies for former colonies. 12 We readily add the logarithm of total population and dummies for former British, Dutch, French, Portuguese, and Spanish colonies to the list of variables.
In addition, we include "language fractionalization" and a binary variable whether a country applies the common law system. Although one might not immediately relate both of these variables to export diversification, their impact on institutions and growth have been shown, for instance in Acemoglu et al. (2001) . Thus, if these variables affect other major macroeconomic variables, we also test for an effect on export diversification.
Geographical Factors
Our last group of variables focuses on factors, which are entirely determined by nature and geography. We follow Bebczuk and Berrettoni (2006) by including six continental dummies and two dummies for whether the country is an island or landlocked.
Results
All our estimations are performed with the R package (Team, 2011) , using the BAS library (Feldkircher and Zeugner, 2012) . We apply Bayesian Model Averaging by using the birth/death algorithm as the MC 3 sampler. The number of iteration draws to be sampled (ex burn-ins) is Table 5 shows our main BMA results. The two most important predictors of export diversification are total natural resources rents as a percentage of GDP (natres) and total net enrollment in primary education (edu5 ). The posterior inclusion probability (PIP) of both variables is remarkable with 1 and 0.96, meaning that they are included in 100 % and 96 % of the best models. The most notable aspect of this result is not only the importance of natural resources and education, but even more so the insignificance of a variety of other variables. Prominent potential determinants of diversification, such as trade aspects (general trade freedom, tariffs, trade openness) or geographical variables (remoteness captured by island and landlocked) are assigned a PIP of under 0.01, meaning that they have virtually no effect on export diversification in the long-run.
Main Results
Column 5 (Cond. Pos. Sign) allows us to conclude the sign of coefficients. For instance, a value of 1 means that a variable has a positive effect on a country's HHI in all models and thus decreases export diversification. Looking at natres, we find strong evidence that countries in which natural resources play a strong role in the domestic economy find it harder to diversify their exports.
Primary education levels, population size, and foreign direct investment on the other hand increase diversification levels in the export basket. In terms of education levels, it is interesting to see the enrollment percentage of primary education -not secondary or tertiary -to be highly important. Thus, a broad base of basic education seems to be important for export diversification. This result confirms the general importance of schooling, as found in Agosin et al. (2012) , who control for average years of schooling only as a measurement for education. As we are including five different aspects of education, we are able to conclude that it is especially the primary enrollment rate, which leads to export diversification over the long run. The argument for population size confirms findings from Parteka and Tamberi (2011) and seems intuitive: with more people comes the capacity to produce a bigger variety of products in the first place, which may then translate into more variety in exports. A small country will find it hard to diversify, simply because of available labor resources. Finally, we confirm Tadesse and Shukralla (2013) in their finding of the positive effect from foreign direct investment on export diversification.
Since high levels of foreign capital could capture a relative openness to international financial markets, one may speculate whether financial openness also encourages export diversification. Table 6 provides a deeper look at the main results by displaying the 10 top models from our BMA procedure. The best model carries a strong posterior model probability of 0.60, including natural resource percentage in GDP and primary enrollment only. This suggests that the longterm level of export diversification across our sample of 89 countries is determined mostly by these two variables. Altogether, the top three models account for 80% posterior probability, meaning that there is strong evidence of the true model consisting only of up to four factors, as these are the only variables included in the top three models. This conclusion is further strengthened by the results in figure 1 , suggesting a posterior model size distribution of 2.6.
Further, the probability of models with 2 to 4 variables is approximately 0.95. Finally, figure 2 depicts the posterior probability density functions of the coefficients associated with the most important variables. For instance, we notice that the density function of the coefficient associated with natural resource abundance in GDP is always positive. On the other hand, the density functions of primary enrollment, population size, and foreign investment are negative.
Notable Country Examples
We now turn to a brief overview of some countries with noteworthy levels of export diversification and their values of the most important variables. Specifically, we are looking at the ten most concentrated and the ten most diversified export baskets in table 7. Among the least diversified countries, we find the Republic of Yemen, Gabon, Venezuela, and Bahrain -all with natural resource rents amounting to over 25 % of GDP. This stands in stark contrast to the countries with the highest diversification rates, where natural resources play minor roles. In general, the diversified economies are mostly marked by low dependence on natural resources, sizeable populations, and high primary enrollment rates. For the countries with concentrated export baskets, at least one of these aspects does not hold.
For instance, Mali and Burkina Faso share low dependence on natural resources and have modest population sizes, but also abysmal primary enrollment rates of under 25 %. China on the other hand relies on natural resources to a more substantial degree -although the country is far from the likes of Gabon and Bahrain -but seems to be able to compensate by an enormous population size and primary enrollment rates of over 96 % on average. Other countries such as Italy, Poland, the United States, France, or Spain combine the entire recipe for export diversification: low natural resource dependence, sizeable population, and primary enrollment rates well over 90 %. However, we can see that also relatively smaller countries like Austria or Denmark find it possible to diversify their exports exceptionally well by standing out in the other categories. Finally, we can see no notable pattern in comparing FDI levels among the least and the most diversified economies.
Robustness Checks
This section presents alternative specifications, addressing potential weaknesses of our main version. Specifically, we control for a potential endogeneity bias and our averaging period.
Reverse Causality
Our first robustness check considers a potential reverse causality between any independent variable and our measurement for export diversification, the HHI. A quick comparison to our main results shows a strong resemblance to our main results with the same four variables at the top.
Averaging Method
With our explanatory variables being averaged over 40 years in our main results, one may suspect a potential selection bias. For instance, reliability and availability of many variables could be different in developing versus developed nations. This means that a variable might be averaged over very few observations in one country, but over the entire time frame in another country, thereby affecting the comparability of observations. To address this problem, we re-estimate our BMA model by averaging all explanatory variables only from 1990 -2000. Averaging over 10 years strengthens the comparability of observations, yet still allows us to reduce potential problems from short-run fluctuations, measurement errors, or exogenous shocks. Table 9 shows the respective results and we notice a barely reduced sample size of 83 countries. This reduction stems from the loss of 6 countries, which do not have observations for the time period 1990 -2000 for at least one of the 43 explanatory variables. 13 As before, the fraction of natural resources in GDP and primary education are the dominating factors with a dummy for the African continent coming in third. Notice that the posterior inclusion probability of primary enrollment rates is now only 0.54 as opposed to values over 0.96 before. This suggests either that averaging primary enrollment over 40 years creates a bias or that primary education affects export diversification in the very long run. Additionally, the dummy for Africa is gaining importance over time with a PIP of 0.22. Compared with our main results, where being an African country is a non-factor with a PIP of 0.02, this difference is remarkable. Also, population size and foreign direct investment lose their impact in this robustness check. Natural resources and primary education remain the most important determinants, underpinning their 13 We are losing Ghana, Sri Lanka, Thailand, Tunisia, Uganda, and Zimbabwe. significance in predicting export diversification levels in the long run.
Conclusions
This paper seeks to provide a deeper understanding of the long-term determinants of export diversification. With the lack of a comprehensive theoretical foundation and a variety of potential empirical determinants previously suggested, it is difficult to find the true model explaining a country's level of export diversification. However, using the Bayesian Model Averaging (BMA) method allows us to get to the grain of model uncertainty.
Our main specification comprises 89 countries and considers 43 potential determinants of export diversification. This means that there are 8,796,093,022,208 (2 43 ) variable combinations under which the true model is hidden. Our results suggest that only four variables play a decisive role in predicting export diversification levels: (i) the importance of natural resource rents in an economy (100 % posterior inclusion probability in the true model), (ii) the total net primary enrollment rate (96 %), (iii) population size (25 %), and (iv) foreign direct investment levels (17 %). Especially primary education rates and foreign direct investment levels offer itself for potential policy recommendations. If, as previous works suggest, a diversified export basket may lower income volatility, generate knowledge spillovers, and open doors to a smoother development path, then our paper provides additional support for the importance of basic education levels and providing conditions for international capital to enter.
Beyond the significant factors, our results offer equally important conclusions regarding the non-significance of many variables. Neither trade-related (e.g. trade openness, trade freedom, or terms of trade) nor political factors (e.g. degree of democracy, size and effectiveness of government) are playing a role in the long-term determination of export diversification. Similarly, macroeconomic aspects (such as interest rates, inflation rates, or their volatilities) are also insignificant. The same holds true for the general remoteness of a country, measured with continental dummies and binary variables for islands and landlocked economies. We believe that these results are an important step towards understanding the true roots of export diversification.
Further Research
Regarding the limitations of this paper, we believe that there are two main technical weaknesses, owed to our econometric methodology. The Bayesian Model Averaging methodology neither allows us to use panel data nor to restrict the dependent variable (the Herfindahl-Hirschman index) between zero and one. The first point implies that we cannot control for any unobserved country-specific aspects. Although the inclusion of 43 explanatory variables substantially alleviates this problem, it cannot eliminate it. The second point represents a technical problem owed to the current econometric state of the BMA technique. In practice, we may only incur minor estimation glitches, but the pure econometrician surely notices this shortcoming. Both challenges are left for future research.
Finally, our findings of the mentioned four important long-run determinants of export diversification leave room for more detailed analyses. Specifically, exploring the exact channels and assessing the quantitative implications on diversification levels may provide fruitful avenues for future research. 
